There is a well-established literature on separately testing the prediction power of different betting market settings. This paper provides an inter-market comparison of the forecasting accuracy between bookmakers and a major betting exchange. Employing a dataset covering all football matches played in the major leagues of the "Big Five" (England, France, Germany, Italy, Spain) during three seasons (5478 games in total), we find evidence that the betting exchange provides more accurate predictions of the same underlying event than bookmakers. A simple betting strategy of selecting bets for which bookmakers offer lower probabilities (higher odds) than the bet exchange generates above average and, in some cases, even positive returns.
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Introduction
Similar to financial securities, betting markets trade contracts on future events. The price of a contract reflects the owner's claim, which is tied to the event's outcome. Therefore, the market price can be interpreted as a prediction of the future event. According to Vaughan Williams (1999) , betting markets are particularly well suited to investigate forecasting accuracy because -in contrast to most financial markets -the contracts have a definite value that becomes observable after a clear termination point.
The traditional form of gambling on sports events is bookmaker betting. In this market setting, the bookmaker acts as a dealer announcing the odds against which the bettor can place his bets. In recent years, a different market structure has evolved: exchange betting. Whereas the bookmaker defines the odds ex ante, the prices in the bet exchange are determined by a multitude of individuals trading the bets among themselves. This form of person-to-person betting has lately experienced rapid growth.
Empirical research on the prediction accuracy of bookmaker odds is well established in the literature. While some papers document a high forecasting performance of bookmaker odds (e.g., Boulier & Stekler, 2003; Forrest, Goddard, & Simmons, 2005) , other research provides evidence of biases in bookmaker predictions. These biases, however, turn out to be rather small, as they hardly provide opportunities to systematically beat the odds (e.g., Cain, Law, & Peel, 2000; Dixon & Pope, 2004; Goddard & Asimakopoulos, 2004) .
Furthermore, there is a growing body of literature concerned with the prediction power of bet exchange markets. It is found that these markets exhibit high prediction accuracy as they regularly outperform non-market forecasting methods (e.g., Forsythe, Nelson, Neumann, & Wright, 1992; Wolfers & Leigh, 2002; Spann & Skiera, 2003; Berg, Nelson, & Rietz, 2008; and Snowberg, Wolfers, & Zitzewitz, 2008 , for an excellent review).
The coexistence of different betting markets offering quotes on the very same event enables us to compare their prediction power. Surprisingly, examples of this kind of re-search are rare. 2 To the best of our knowledge, this paper is the first to contrast the forecasting accuracy of the bookmaker market with a major betting exchange. Using a dataset covering all football matches played in the major leagues of the "Big Five" (England, France, Germany, Italy, Spain) during three seasons (5478 matches in total), we compare the prediction accuracy of eight different bookmaker odds with the forecasting power of the corresponding odds traded at Betfair, a common bet exchange platform. Our results indicate that the prices of the bet exchange market exhibit higher prediction power than the bookmaker odds. Furthermore, we develop a simple betting strategy in order to test the economic relevance of our findings. We show that a strategy of selecting bets for which the bookmaker announced lower probabilities (and thus, offered higher odds) than the person-to-person market is capable of yielding above average and, in some cases, even positive returns. This betting strategy is not restrictive in terms of betting opportunities.
Our findings contribute to the ongoing discussion about the predictive properties of different market structures by providing empirical evidence of the superiority of exchange betting in delivering more accurate forecasts of the outcome of sporting events.
Different betting market structures
In this section, we present some preliminary background information on how to interpret betting odds as outcome probabilities. We then outline the structures of the bookmaker market and the bet exchange and present literature on their forecasting effectiveness.
Betting odds and outcome probabilities
In football matches, there are three different outcomes ݁ ‫א‬ ሼ݄, ݀, ܽሽ -a home win, a draw and an away win -on which a bet can be placed. The market prices of these out-2 Comparing bookmaker odds and bet exchange odds in UK horse racing, Smith, Paton, and Vaughan Williams (2006) discover that person-to-person betting is more efficient, as it lowers transaction costs for consumers. Spann and Skiera (2008) compare the predictions of a bookmaker (Oddset) with the prices of a virtual football stock exchange market (www.bundesligaboerse.de) and find that they perform equally well.
3 comes are typically presented as 'decimal odds' ‫‬ , which stand for the payout ratio of a winning bet. The inverse of the decimal odds 1 ‫‬ ൗ can be interpreted as the probability of the underlying event occurring, which is offered to the betting audience. These market probabilities on all possible outcomes of an event usually sum up to greater than one because of the transaction costs, the so-called 'overround'. Thus, ∑ 1 ‫‬ ൗ 1 holds. In order to get the market's prediction of the outcome, we assume that the overround is equally distributed over the outcome probabilities. 3 Therefore, we obtain the market's 'implicit probabilities' by a linear transformation,
In what follows, we refer to this expression as the market's prediction of a future event.
The bookmaker market
Bookmaker betting is among the most popular forms of sports gambling. In this setting, the bookmaker acts as a market maker. He determines the odds on a given event and takes the opposite side of every transaction. 4 The bettor is left with a take-it-or-leave-it decision: he can hit the market quotes or refrain from participating. This is why bookmaker markets are sometimes denoted as quote-driven markets, by analogy to the same setting in financial markets.
The prediction accuracy is determined by the price-setting behavior of the bookmaking firm. If the odds are fixed such that they reflect true outcome probabilities, the bookmaker will, on average, earn a profit margin equal to the commission charged to the bettors. Alternatively, the bookmaker can 'balance his book' by setting the odds to attract equal relative betting volumes on each side. In this case, he is able to pay out the winners with the stakes of the losers and earn the overround independently from the outcome of the event. Levitt (2004) has pointed out that the bookmaker might use a combination of 3 This assumption is in line with the literature. See, for example, Forrest, Goddard, and Simmons (2005) .
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The bookmakers have the right to change the odds after the market has opened, but they rarely make adjustments (Forrest, Goddard, & Simmons, 2005) . The bettor's claim is tied to the initially taken odd and does not depend on subsequent price changes. We therefore speak of 'fixed-odds betting'.
the two extreme cases in order to increase his profits. Forrest and Simmons (2008) and Franck, Verbeek and Nüesch (2008) demonstrate, for example, that bookmakers actively shade prices to attract betting volume evoked by sentiment in Spanish and English football, respectively. Here, bookmakers offer more (less) favorable terms for bets on teams with a comparably large (small) fan base in order to attract disproportionately more betting volume. Thus, the bookmaker odds are likely to be influenced by the true outcome probabilities as well as the bettors' demand. The latter can lead to deviations from the true outcome probability. Nevertheless, such deviations are clearly limited. In practice, it might be a difficult task to balance the book by shading the odds, and therefore, the bookmaker is exposed to substantial risk if his prices deviate from true outcome probabilities.
The empirical literature on the prediction accuracy of bookmaker odds is mixed. Forrest, Goddard, and Simmons (2005) compare the prediction accuracy of published bookmaker odds for English football games with the forecasts of a benchmark statistical model that incorporates a large number of quantifiable variables relevant to match outcomes.
They find evidence that bookmaker odds are more effective in predicting game outcomes than the statistical model. A longstanding empirical regularity that challenges the suitability of bookmaker odds as predictors is the 'longshot bias'. It refers to the observation that the odds often underestimate high-probability outcomes (favorites to win the game) and overestimate low-probability outcomes (underdogs to win the game). As a result, it is frequently found that bets on low-probability outcomes ('longshots') yield lower average returns than bets on high-probability outcomes (e.g., Cain, Law, & Peel, 2000) . Dixon and Pope (2004) as well as Goddard and Asimakopoulos (2004) find that the bookmaker's odds are weak-form inefficient as they do not impound all information that has proven to be significantly related to the game's outcome according to a statistical forecasting model.
The bet exchange market
In recent years, person-to-person exchange betting has evolved as a different betting market structure. Here, individuals contract their opposing opinions with each other. On an online platform, they can post the prices under which they are willing to place a beton or against -a given event. The latent demand for wagers is collected and presented in the order book. The order book displays the most attractive odds with the corresponding available volume in a canonical manner. This is why such a market design is often referred to as an order-driven market. The bettor has the choice to either submit a limit order and wait for another participant to match his bet or to submit a market order and directly match an already offered bet. As a result, there is a continuous double auction process taking place at the online platform. If two bettors with opposing opinions agree on a price, their demands are automatically translated into a transaction. After the bets have been matched, both individuals hold a contract on a future cash flow. The size of the cash flow is determined by the price of the contract, and the direction of the cash flow is tied to the outcome of the underlying event. The provider of the platform charges a commission fee, typically lower than the bookmaker's overround, on the bettors' net profits.
Online betting exchanges have experienced a fast boom. The odds analyzed in this paper are from Betfair, which is one of the most prominent bet exchange platforms. With a weekly turnover of more than $50m and over two million registered users, Betfair accounts for 90% of all exchange-based betting activity worldwide (Croxson & Reade, 2008; www.betfaircorporate.co.uk) . It has been online since 2000 and claims to process five million trades a day.
From a theoretical perspective, bet exchanges should yield accurate forecasts. First, the betting exchange provides incentives to gather and process information. Traders who have superior knowledge are able to generate higher average returns than naïve bettors.
Second, the betting exchange provides incentives for the truthful revelation of information. Based on their knowledge, traders put money at stake and, in doing so, they reveal their expectations of the outcome's probability. Third, through the price mechanism, the betting exchange provides an efficient algorithm to collect and aggregate diverse information in a dynamic way (Wolfers & Zitzewitz, 2004; Berg, Nelson, & Rietz, 2008; Snowberg, Wolfers, & Zitzewitz, 2008) . As a matter of fact, empirical studies have shown that bet exchanges provide highly accurate predictions. They routinely render better predictions of political elections than opinion polls (Forsythe, Nelson, Neumann, & Wright, 1992; Wolfers & Leigh, 2002; Berg, Nelson, & Rietz, 2008) and outperform expert opinions in forecasting future business outcomes (Spann & Skiera, 2003; Pennock, Lawrence, Nielsen, & 6 Giles, 2001 ). In addition to the specific prediction literature, there are a few papers examining the efficiency of Betfair prices in particular. Smith, Paton, and Vaughan Williams (2006) used matched data on UK horse racing from Betfair and from traditional bookmakers to test the well-documented longshot bias. They find that the bet exchange is significantly more efficient than the bookmaker market, as the tendency to overvalue underdogs is less pronounced in person-to-person betting. Croxon and Reade (2008) employ high-frequency Betfair data to test efficiency in relation to the arrival of goals. They conclude that prices swiftly and fully impound the relevant news, indicating the high efficiency of Betfair odds.
Prediction accuracy of the different markets
The data
Our data cover all football games of the English Premier League, the Spanish Primera In addition, we matched the bookmaker data with corresponding betting exchange prices from www.betfair.com, collected at the same time. 6 The decimal odds from Betfair and the bookmakers are converted into implicit probabilities according the procedure described in chapter 2.1.
Correlations between the implicit probabilities of Betfair and a random bookmaker are 0.917 for draw bets, 0.978 for away win bets and 0.981 for home win bets. Thus, the odds traded on the betting exchange are very similar to the bookmaker odds. Figure 1 graphically relates Betfair probabilities to the (random) bookmaker probabilities for all 5 The bookmakers are B365, Bet&Win, Gamebookers, Interwetten, Ladbrokes, William Hill, Stan James and VC Bet. 7 three possible match outcomes separately; the black line indicates the cases for which the probabilities of the two markets are equal.
< Figure 1 >
It can be seen that the probabilities of the two markets are closely aligned. At first glance, the differences are somewhat unsystematically distributed. Upon a closer look, the bookmaker probabilities appear to be higher (lower) than Betfair probabilities in the area of low (high) probability outcomes for home and away win bets. Table 1 presents some summary statistics in order to provide a first impression of the two markets' effectiveness in forecasting the outcomes. The first column outlines the observed overall proportions of the three possible outcomes of a game. The second and the third columns contain the predicted probabilities implied by the odds of the betting exchange and the bookmaker market 7 , respectively.
< Table 1 > Table 1 suggests that the average probabilities of Betfair are closer to the overall proportions of home wins, draws and away wins compared to the bookmaker. Both of them, however, underestimate the occurrence of home wins against away wins. These numbers provide only a rough picture of the markets' prediction accuracy. In the following, we will test how well the markets' implicit probabilities correspond to the actual outcome of every single game.
Goodness-of-fit of discrete response models
We estimate the following model to explain the actual outcome (win or loss) of a certain bet ܻ ‫א‬ ሼ0,1ሽ for a given match ݅ by the implicit probabilities of the different mar-
For the sake of clarity, we solely report the probabilities of one bookmaker, who is randomly picked for each match from our set of eight bookmakers.
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For each event ݁ (home wins, draws and away wins) and every market ݆ (eight bookmakers and Betfair), the coefficients ߚ መ are estimated by a probit model. The probit model relates the probability of occurrence of discrete events to some set of explanatory variables, where ‫ܩ‬ሺ·ሻ ൌ ߶ሺ·ሻ is the standard normal cumulative distribution. 8
The prediction accuracy is examined by various goodness-of-fit measures. Whereas the first three are common goodness-of-fit measures proposed for discrete choice models, the fourth indicator, the Brier Score, is a descriptive measure often used in the literature on prediction accuracy (e.g., Boulier & Stekler, 2003; Forrest, Goddard, & Simmons, 2005) .
In a linear model, the percentage of variance of the dependent variable explained by the model, R 2 , would be the obvious measure. In non-linear discrete response models, however, the R 2 measure is not directly applicable, as proper variance decomposition is not possible. A number of so-called pseudo R 2 measures have been suggested for discrete response models. 9 The most common was proposed by McFadden (1974) and is defined in the following way:
where log ‫ܮ‬ ௨, is the value of the (maximized) log-likelihood function for the estimated model for a given event and market, and log ‫ܮ‬ , is the value of the (maximized) loglikelihood function in the model with only an intercept for a given event and market. As the value of the log-likelihood function is always negative, log ‫ܮ‬ ௨ log ‫ܮ‬ ⁄ ൌ |log ‫ܮ‬ ௨ | |log ‫ܮ‬ | ⁄ holds. Further |log ‫ܮ‬ ௨ | |log ‫ܮ‬ |, which implies that the pseudo R 2 is always between 0 and 1. The pseudo R 2 of McFadden is 1 if the model is a perfect predictor and zero if the model has no explanatory power.
An alternative to the probit model is the logit model or the linear probability model (LPM). The logit model assumes a logistic distribution and is therefore, like the probit, a non-linear model, whereas the LPM is based on ordinary least squares and assumes constant marginal effects. In order to test the robustness of our results, we also ran logit and LPM estimations. The results, however, are not sensitive to alternative estimation procedures.
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Another pseudo R 2 measure was proposed by McKelvey and Zavoina (1975) . Unlike
McFadden's R 2 , it is based on a linear model ܻ ൌ ߚ ‫ܾݎܲ‬ ߝ . So, the goodness-offit is defined as:
in the numerator denotes the explained sum of squares and
in the denominator is the model's total sum of squares. ‫ܫ‬ denotes the number of observations that are used for estimating the model, which corresponds to the number of games in our context.
An often-used alternative measure of prediction accuracy is the percentage of correct predictions (e.g. Spann & Skiera, 2008; Berg, Nelson, & Rietz, 2008) . So if ߚ መ ‫ܾݎܲ‬ ‫,ݐ‬ ‫ݕ‬ ො is predicted to be unity, and if ߚ መ ‫ܾݎܲ‬ ‫,ݐ‬ ‫ݕ‬ ො is predicted to be zero. Usually, the cut-off value ‫ݐ‬ equals 0.5. If the distribution of the dependent variable is skewed, however, the percentage correctly predicted can be misleading as a measure of prediction accuracy (Wooldridge, 2002) . In such cases other cut-off values have to be chosen in order to minimize the forecasting errors. All combinations of a given sample and possible cut-off values can be summarized in the so-called Receiver Operating Characteristic (ROC) curve.
The area under the ROC curve indicates the goodness-of-fit of a certain discrete response model. The ROC area varies between 0.5, indicating no prediction power at all and 1, which means perfect prediction.
As a fourth measure of prediction accuracy, we use the Brier Score (Brier, 1950) , which is defined as the mean squared difference between the actual outcome and the predicted outcome:
Unlike the other goodness-of-fit measures, a small Brier Score indicates not low but high forecasting accuracy. If the predictions are perfectly accurate, the Brier Score is 0 and vice versa for a Brier Score of 1.
In the following, we illustrate the prediction accuracies of Betfair and various bookmakers for home win bets, draw bets and away win bets separately.
< Table 2 > Table 2 suggests that the implied probabilities of Betfair explain the actual outcomes better than the bookmakers' probabilities do. The model with the implicit probabilities of Betfair (first column) as the explanatory variable renders better goodness-of-fit scores than the regressions using the average of bookmaker probabilities (second column) and the probability of every single bookmaker (third to tenth columns). With the exceptions of VC Bet for home and draw bets and Stan James for draw bets, the two R 2 measures and the ROC area are always higher and the Brier Score is always lower for the bet exchange probabilities.
There are some additional patterns that are worth mentioning. First, the prediction accuracy of draws is remarkably worse than for home and away wins. The goodness-of-fit measures in the middle row are considerably lower (and higher regarding the Brier score). This observation is in line with Dobson and Goddard's (2001) conclusion that, in football matches, draws appear to be almost random events. Second, the marginal effects of the implied probability are substantially above unity for all bookmakers and events.
Thus the actual winning probability increases disproportionately with the implied bookmaker probabilities. This indicates the presence of a longshot bias. Hence the odds underestimate high-probability outcomes (e.g., favorites to win the game) and overestimate low-probability outcomes (e.g., underdogs to win the game). This effect is strongest for draw bets and weakest for away win bets. Most important, the marginal effects of the Betfair probabilities are closer to unity than the probabilities of any other bookmaker. Therefore, at least part of the better prediction accuracy of the bet exchange is the consequence of the weaker longshot bias in person-to-person betting compared to the bookmaker market, which confirms the findings of Smith, Paton, and Vaughan Williams (2006) .
Direct comparison of prediction accuracy
The differences of the goodness-of-fit measures between the two markets in Table 2 are rather small. In the following, we include the predictions of the two betting markets in the same model. In doing so, we are able to test whether the probabilities of the bet exchange contribute additional explanatory power beyond the bookmaker's forecasts.
We rerun the regressions described in the previous section, but we include the ratio of bet exchange to bookmaker probability ܴ ൌ ,ಳಷ ೕ as a variable capturing the difference between the two markets' predictions. 10 Thus, we estimate the following probit model for every single bookmaker ݆ and all three events ݁:
If ߚ መ ଶ, ് 0, the prediction of the bet exchange provides some relevant information that is not fully captured by the odds of the bookmaker.
< Table 3 > Table 3 shows that the coefficient ߚ መ ଶ, is significantly positive in each case. Thus, the inclusion of the exchange market's predictions improves the forecasting accuracy of the bookmaker odds. This demonstrates that the odds offered by the bookmakers fail to impound some relevant information delivered by the odds traded at Betfair. 11
A simple betting strategy
Our results suggest that the betting exchange market predicts future outcomes more accurately than the bookmakers do. Next, we set out to test the economic relevance of this observation. We look at the return of a bet as a combination of its price and its winning probability. If the exchange market provides better forecasts of this probability than the 12 bookmaker does, a betting rule exploiting forecasting differences between the two markets should yield above average returns.
In a first step, we compare the mean return of a simple betting strategy with normal returns. The trading rule is to place a bet against a given bookmaker in all the cases in which the implicit probability of Betfair exceeds the average implicit probability of the bookmakers. Thus, we use the prices of the exchange market as a source of information in order to detect favorable bookmaker odds. We place a bet at the bookmaker market whenever the (average) odds offered by the bookmakers are higher than the odds traded at Betfair. Table 4 presents the mean returns when following this betting strategy; the number of available bets is given in parentheses.
< Table 4 >
The results in Table 4 are broken down by the events on which to place a bet (columns) and the bookmakers (rows). The first row presents the results for a randomly chosen bookmaker and the second row for the bookmaker offering the most favorable odds.
It can be seen that the strategy enables above-average returns in all cases, as the mean returns following the trading rule (right hand side of each column) are less negative than the average return of all bets on a given event (left hand side of each column) and, in some cases, they are even positive. The markup is strongest for away win bets in which the trading rule is capable of generating positive returns, except for William Hill bets.
As a second step, we compute the observed average returns for different levels of disagreement between the two markets. In doing so, we get a closer picture of the findings documented in Table 4 . If the implicit probabilities of Betfair are closer to the true outcome probabilities, the expected return of a bet against a given bookmaker increases with the difference of the two markets' probabilities. Thus, in line with our previous findings, we expect a positive relation between the observed returns and the ratio of bet exchange to (average) bookmaker probability. To investigate this relation by means of our data, we rank all bets according to their ratio of Betfair to average bookmaker probability defined
where ‫ܬ‬ is the number of participating bookmakers in match ݅. 12 We then plot the observed mean returns of the bets against different categories of ܴ ‫כ‬ . The categories are specified by a bandwidth of 0.05 of ܴ ‫כ‬ and at least 50 observations per group are required. Furthermore, we run a locally weighted polynomial regression (Fan, 1992; Fan & Gijbels, 1996) . In doing so, we have to make no assumption about the functional form of the relation between the returns and ܴ ‫כ‬ . 13 Figure 2 graphs the results of this procedure for bets against a random bookmaker on all events; Figure 3 presents the results for home win, draw and away win bets separately. against the random bookmaker on all events in the top 5%-quantile regarding ܴ ‫כ‬ (821 bets in total) yields an average return of +10%, betting on all home wins of the top 10%-quantile (547 bets in total) yields +3% and the away win bets of the top 10%-quantile (547 bets in total) yield an average return of +7%.
12 In contrast to ܴ in the previous section, ܴ ‫כ‬ only varies across matches and events but is constant across bookmakers.
13 Local polynomial regression involves fitting the response (the observed returns) to a polynomial form of the regressor (ܴ ‫כ‬ ) via locally weighted least squares. We estimate a local cubic polynomial weighted by the Epanechnikov kernel function. The amount of smoothing is controlled by a bandwidth chosen at 0.2. This demonstrates that the odds traded at Betfair offer information on the outcome probability of the matches that is useful to select under-priced bets in the bookmaker market. Taken together, these findings lend further confirmation for the superiority of the betting exchange in terms of prediction accuracy.
Summary and conclusions
Much research has been conducted on separately testing the prediction accuracy of different betting market settings. This paper exploits the coexistence of different market structures offering odds on the same event in order to provide an inter-market comparison of the predictive power of bookmakers and a major betting exchange. We analyze a dataset covering 5478 matches of the major European football leagues containing the odds of eight bookmakers and the corresponding prices of the leading person-to-person betting platform Betfair. Our results reveal a clear superiority of the betting exchange over the bookmaker market. First, we estimate a univariate probit regression to explain the actual outcome of a certain bet with the implicit probabilities of the different markets.
The goodness-of-fit measures indicate that the bet exchange prices better predict the actual match results. Second, we rerun this regression for all the bookmakers and include a variable capturing the difference of the two different markets' implicit probabilities. The estimated coefficient of this variable suggests that the bet exchange renders additional explanatory power beyond the bookmakers' odds. Finally, we assess the economic relevance of the previous results. A simple betting rule selecting bookmaker bets for which the average bookmaker offers lower probabilities (higher odds) than the bet exchange is capable of generating abnormal and in some cases even positive returns.
However, we are reluctant to interpret these findings as a failure of the bookmakers to process and impound relevant information into the prices. The underlying reasons for the comparably higher prediction accuracy of the bet exchange market are not clear a priori. Bettors endowed with more accurate information and beliefs may self-select into the exchange market while less skilled bettors may place their bets at the bookmaker setting. Alternatively, our findings could be due to the different market structures dealing 15 with similar but potentially biased demand. Bookmaker odds may not only reflect the dealer's true prediction of the outcome but also his (profit-maximizing) response to the expected (biased) demand. As Levitt (2004) , Forrest and Simmons (2008) and Franck, Verbeek and Nüesch (2008) suggest, the bookmakers actively shade prices in the presence of a partly irrational betting audience in order to increase their profit. In regard to our findings, the price impact of a biased demand may be less pronounced in the personto-person compared to the bookmaker market setting. Nevertheless, a proper examination of these suggestions lies beyond the scope of this paper and needs further research. Summary statistics of outcome probabilities and forecasts Notes: The table presents the outcome probabilities and the forecasts of the exchange market and a randomly picked bookmaker. The mean and standard deviation are given. In terms of these summaries, the exchange market's probabilities are closer to the true outcome probabilities. impl. prob.
Notes: The table presents the prediction power for home wins (upper block), draws (middle block) and away win bets (lower block) of the bet exchange versus different bookmakers. The explaining variable is the probability implied by the odds of the different markets. The marginal effects of a probit regression (standard errors in parantheses) and a variety of goodness-of-fit measures are reported. It can be seen that the bet exchange (first column) outperforms every single bookmaker including the average bookmakers' prediction (second column) in terms of forecasting accuracy. impl. prob.
Notes: The table presents the additional prediction power which is rendered by the bet exchange for home win bets (upper block), for draw bets (middle block) and away win bets (lower block). The explaining variables are the probabilities implied by the odds of the different bookmakers and the ratio between the bet exchange probability and the bookmaker probability. The marginal effects of a probit regression (standard errors in parantheses) are given. ***, **, * denotes signifcance at the 0.1% , 1%, 5% level respectively. It can be seen that the bet exchange probabilities contain relevant information which is not fully reflected by the bookmakers' odds.
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